The estimation of the suspended sediment load in rivers is one of the main issues in hydraulic engineering. Different traditional methods such as the sediment rating curve (SRC) can be used to estimate the suspended sediment load of rivers. The main problem with this method is its low accuracy and uncertainty. In this study, the ability of three intelligence models namely: gene expression programming (GEP), artificial neural networks (ANN) and adaptive neuro fuzzy inference system (ANFIS) were compared with the SRC method. The daily flow discharge and sediment discharge at two hydrometric stations of the Kasilian and Telar rivers in the period of were used to develop intelligence models. The performance of these methods indicated that all intelligence models give reliable results in the estimation of the suspended sediment load and their performance was better than the SRC method. Moreover, results showed that the GEP model with a high coefficient of determination (R 2 ) and a low mean absolute error (MAE) was better than both the ANN and ANFIS models for the estimation of daily suspended sediment load of the two sub-basins of the Kasilian and Telar rivers.
INTRODUCTION
Sedimentation is one of the main problems for hydraulic structures, dam reservoirs and hydroelectric power plants due to its effects on the operations of these structures. The correct estimation of the sediment load carried by a river is a crucial issue in water engineering. Thus, many studies have been carried out by various researchers to estimate the amount of transported sediment by relating this parameter to hydraulic parameters (discharge, flow velocity, water depth), geometric parameters of a river (slope, cross section area) and sediment properties (mean diameter of sediment, density, kind of sediment). However, these equations have not been used widely because of substantial inaccuracies. Previous research implied that these approaches disrupt projects due to overestimating or underestimating the volume of sediment (Aytek & Kisi ) . An example of these regression models is presented by Zhang et al. () . In this research, the suspended sediment load is related to the flow flux as a is relatively high (see Table 1 ). The average annual precipi- Table 2 . The whole data set covers 50
years and was divided into two parts: the training set of 35 years , and the testing set of 15 years (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) .
Intelligence models
We used three intelligence models namely the GEP, ANN and ANFIS to estimate the suspended load. The GEP was introduced and developed by Ferreira (). The model is an extension of two previous evolutionary algorithms (genetic algorithm (GA) and GP) (Ferreira ) . In this model, the population of individuals is selected and used based on fitness. Genetic variations are introduced using one or more genetic operators by GEP (Ferreira , ) . The most significant advantages of these networks are generalization, ability to learn, the need for the least This approach is a combination of the ANN and fuzzy logic.
In this way, the learning capability of neural networks is integrated into a fuzzy inference system (FIS) (Emamgholizadeh et al. ). Three types of FIS are common, based on the types of inference operation if-then rules. These include Tsukamoto's system, Mamdani's system and Sugeno's system (Kisi ) . The first order of the third system was applied to the present study.
Model developments (selection of input vectors)
One of the most important issues in model development is Table 3 . For finding the best combination of input vectors, a collection
Modeling performance criteria
In order to evaluate the performance of GEP, ANN and ANFIS models, two statistical parameters, namely the coefficient of determination (R 2 ) and mean absolute error (MAE), were used.
where N is the number of data, O i is the observed data, P i is the predicted data and the bar denotes the mean of variables.
RESULTS AND DISCUSSION

Input vector selection
This paper uses the daily discharge and daily sediment discharge at two hydrometric stations on the Kasilian and Telar rivers. The whole data set covers 50 years , and was divided into two parts: the training set of 35 years , and the testing set of 15 years (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) . Figure 2 shows the scatter plot between the daily flow discharge (Q d ) and daily suspended sediment discharge (Q s ) for these two stations.
The Overall, for training the intelligence models, based on the calculated values of PACF and CCF of the data series, the following input vectors (Equations (3) and (4)) were selected for the Kasilian and Telar rivers, respectively:
GEP development
The first step in the GEP development is to investigate the fitness function. In the present study, Equation (5) was used as a fitness function. In this equation, RRSE is the root relative square error. Equation (6) was used to calculate this parameter as follows:
where f i ranges from 0 to 1,000 (1,000 corresponds to a chromosome with ideal fitness). In addition, in Equation (6), P ij and T j are the predicted value for the individual chromosome i and the target value for fitness case j. The bar sign also denotes average values (Ferreira ).
Then, a set of terminals (T) must be selected for generating genes. In the current study, the time lagged daily flow discharge (Q d ) and daily sediment discharge (Q s ) were chosen as terminal sets. Moreover, geometric and trigonometric functions like þ, -, ×, ÷, sin, tan À1 , root square and log were used. Next, the number of genes and the length of the head of the gene were selected. The number of genes determines the number of sub-Ets. The best number for this is 1 to 3 to optimize the GEP model (Ferreira ). Moreover, the head length was selected by trial and error. The results indicated that the GEP performance did not improve significantly by increasing the head length to more than 8 for the Kasilian station and 7 for the Telar station. So, the head lengths were selected to be 8 and 7 for the Kasilian and Telar stations, respectively. The number of chromosomes selected was 30 to give the best results. The next step was to select the genetic operators and their rates. These operators are presented in Table 4 .
Finally, it was essential to select the linking function.
In the present study, the addition (þ) was selected as it was also used by previous researchers such as Table 5 .
The expression trees (ETs) of the GEP model for the Kasilian and the Telar stations are presented in Figure 5 .
By using the corresponding values, the explicit formulations of the GEP for the suspended sediment load (Q s ) as a function of flow discharge (Q d ) were obtained as shown in
Equations (7) and (8): (a) for the Kasilian station:
(b) for the Telar station:
It should be noted that these equations are valid for parameters ranging between the maximum and minimum presented in Table 2 .
Artificial neural network
The best results of ANN developments on the data of both stations were obtained from training and testing by one hidden layer. The column diagrams of coefficient of determination variations versus transfer functions and the results of optimized input combinations of ANN are presented in Figure 6 and Table 6, respectively. As seen in Figure 6 , the best results of the ANN were obtained when the sigmoid transfer function was used. Moreover, Figure 6 (a) indicates that the secant hyperbolic transfer function similar to the other transfer functions is not able to estimate the Table 6 show that the sixth and ninth combinations of the data set were the best input combinations for the Kasilian and the Telar stations, respectively.
Adaptive neuro fuzzy inference system
The ANFIS model was developed using 100 epochs and the Harrington & Harrington ). The most commonly used SRC is a power function and it can be expressed with the following relationship (Zhang et al. ) :
where Q s is the suspended sediment discharge and Q d is flow discharge. Constants values of a and b were calculated from data via a linear regression between log Q s and log Q d .
Equations (10) and (11) 
The statistical metrics for this method and also for all intelligence models are given in Table 8 Similarly, for the Telar station, the findings in Table 8 illustrate that the GEP performance is much more accurate for the Telar sub-basin was less than that for the Kasilian sub-basin. In other words, when the size of the catchment area increased, the discharge and sediment discharge of the river increased and the capability of all the models in the estimation of river sediment discharge decreased. However, the suspended sediment discharge of the rivers was extremely nonlinear and as a result models might not be able to catch this nonlinear functional relationship.
SENSITIVITY ANALYSIS
Sensitivity tests were conducted to determine the relative significance of each input variable on the suspended sediment discharge (Q s ). The GEP model was chosen as the best model to estimate Q s , and the importance of the input data variable to this model was also investigated. Table 9 shows the statistical indices of the GEP models without a specific input variable along with the best GEP model. As illustrated, for the Kasilian River the GEP model without Q d has the highest MAE and lowest R 2 . In other words, the ability of the GEP model to estimate the suspended sediment discharge (Q s ) was significantly degraded when the model was run without the Q d . This shows that the Q d has the most significant impact on the suspended sediment discharge (Q s ). Overall, the effect of input variables on the suspended sediment discharge (Q s ) for the Kasilian River can be ranked from higher to lower as Q d , Q s-1 and Q s-2 . Similar to the Kasilian River, sensitivity tests were carried out for the Telar River. As the results in Table 9 show, the ability of the GEP model without the Q d was significantly decreased 
